Abstract-In this paper, adaptive battery monitoring, health, and performance analysis techniques are proposed and implemented for use in a hybrid energy storage management system. Developed through physics-based models of a lead acid and lithium ion battery cell, a chemistry detection and equivalent circuit estimation technique was accomplished using a lowfrequency C/10 pulsed load. Once in operation, an adaptive coulomb counting algorithm accounts for shifts in the state of health from cycle-to-cycle using two assessment methods: estimating equivalent circuit parameters and updating the usable capacity represented by a capacitive energy model. The proposed system has the following novelties: 1) determination of the battery chemistry type and cell configuration through the use of a single standardized pulse; 2) the use of a fixed C-rate pulsed load in order to obtain a basic set of equivalent circuit parameters; 3) new voltage and temperature-based initial state of charge mechanisms for both a lead acid and a lithium ion battery; and 4) the implementation of a final control platform with chemistry detection, cell configuration, refined initial state of charge estimation, and production of a Randles equivalent circuit, regardless of the battery state of health.
I. INTRODUCTION

S
INCE the introduction of the first lead acid battery in the mid-19th century, electrochemical battery research and development continues to progress. The lead acid battery still holds a strong place in the market due to its simplicity of design and inexpensive materials [1] . It remains the most prevalent vehicle starter battery, a dependable resource to provide support during intermittency in uninterruptible power supplies, and a method to regulate and store energy generated by renewable resources [2] . Unfortunately, its deployment in the electric vehicle (EV) industry is limited due to its low power and energy density [3] . The lead acid battery requires long charging periods to preserve its usable capacity while deep discharge and heavy loads place a major toll on its lifespan, or state of health (SoH). However, it continues to hold its presence as an auxiliary battery as a dependable backup power source [4] . The lithium ion battery is a proven alternative for these applications with an increased tolerance to heavy discharge currents and a reduced charging period making it practical for the drivetrain [5] . Despite these strengths, the SoH of a lithium ion battery is impacted by similar factors, most notably, depth of discharge and temperature. Material degradation and expansion as a result of high energy cycling result in reduced usable capacity and stability. A modular system that can detect, manage, and quantify the health of a hybrid battery management system (BMS) is necessary in order to engage the proper control constraints and bounds. Indication into SoH and an accurate state of charge (SoC) mechanism must be included to optimize the lead acid and lithium ion battery lifespan. Common BMS tools in service are not usually equipped with advanced methods to obtain SoH, and if tracked, are limited to historical cycling information [6] . The BMS is typically specific to a given battery type, cell configuration, and/or capacity leaving a majority of them proprietary. Autonomous determination would provide a wide range of new capabilities and depending on the method, could provide a great deal of insight into the battery condition or SoH. A detection algorithm was proposed for a smart charger in [7] but requires a full discharge of the battery. Reference [8] presented a battery chemistry identification scheme through defining a battery voltage gradient, but required heavy discharge rates to work and was only verified and tested on smaller cell capacities.
Recently, new proposed BMSs have begun to address the importance of including SoH inside their platforms [9] . In [10] , an adaptive parameter estimation method was proposed to monitor SoH, but it is computationally intensive. Reference [11] demonstrated the importance of including SoH to continuously adjust the operating range based on the cycle performance. The Randles equivalent circuit has presented a standard base model obtained from electrochemical impedance spectroscopy (EIS), which can be utilized for both lead acid and lithium ion batteries but with very different circuit parameter values [12] , [13] . However, including EIS procedures to meet even the minimum levels of accuracy on an embedded controller remains a challenge and is costly to implement [14] . The use of pulsed load testing has surfaced as another option, but has remained limited to lithium ion batteries [15] .
An optimal pulse testing solution should be compatible with both the battery types. The lead acid battery still holds a presence in a wide variety of modern applications. Renewable energy, particularly solar applications, has traditionally deployed advanced lead acid batteries on-site, though lithium ion batteries are slowly being added to improve the power capacity and SoH concern. The U.S. Navy has begun analyzing hybrid battery storage as well in their commitment toward an all-electric ship with the DDG 1000, while the aeronautical industry is progressing through a transformation of its own from lead acid to lithium ion battery systems [17] , [18] . For all of these applications, an adaptive controller compatible with both the battery chemistries would improve interoperability while easing the transition to a hybrid battery system.
In this paper, advanced BMS features are developed through physics-based models and tested on an advanced battery testbed. Through the use of a fixed pulsed load tuned to the 10-h battery discharge rate (C/10), both the battery type and the equivalent circuit parameterization estimation is achieved. In addition, a new initial SoC estimation and an equivalent circuit tracking method was implemented. This paper is organized as follows: an extensive review of the utilization of physics-based battery models to validate the usage of pulse testing is discussed in Section II. Section III discusses how these concepts are applied to an advanced BMS. Section IV provides an extensive overview of the battery and health identification process and Section V describes the BMS evaluation. Section VI provides the experimental verification and Section VII gives the conclusion.
II. PHYSICS-BASED BATTERY MODELING
This section will discuss the theory behind the use of pulse testing through the utilization of physics-based models of both the common lithium ion and lead acid battery cells. Through finite-element modeling (FEM), insight into the behavior of each cell and how a standardized pulse can be applied regardless of its capacity will result in the same behavior. The basis for each battery interface was developed in the COMSOL Multiphysics through a coupling between electrochemistry and electromagnetics [19] , [20] . A 2-D spatial representation of the anode, electrolyte, and cathode provide an FEM environment to describe the behavior of each cell under a normalized discharge pulse. Various standardized discharge pulses were tested, but C/10 over a 50-s period (0.005 Hz) was ultimately selected as it applied a strong enough current density to push each cell out of equilibrium. A 25% duty cycle was chosen to elongate the recovery voltage period, which was used to generate time constants for both the lead acid (τ Pb ) and the lithium ion (τ Li ) battery.
Although the operation of the lead acid and lithium ion cells are drastically different, both are governed by Ohm's law describing the transport of charge in each electrode i s and electrolyte i l [21] 
where Q s and Q l represent the sum of all current contributions in the electrodes and electrolyte, respectively. The total active induced currents in each cell are
where a v is the active surface area under all m reactions and i v,dl represents an induced current as a result of the double-layer capacitance in the electrodes. Electrode kinetics are depicted by the localized current produced at the electrodes i loc and are described by the Butler-Volmer expression
where i 0 is the exchange current density, α a and α c are charge transfer coefficients, R is the universal gas constant, F is Faraday's constant, T is the absolute temperature, and η is the activation overpotential describing how the cell voltage behavior will deviate from its electrochemical equilibrium potential E eq . Equation (3) reveals how the current generated at the electrodes will result in a voltage drop V in each of the battery types as a result of the overpotential η
where ϕ s and ϕ l are the electrode and the electrolyte electric potentials, respectively.
A. Lead Acid Cell
In the lead acid battery, operation is primarily governed by changes in the sulfuric acid electrolyte concentration c l , decreasing during discharge and increasing during charge. The chemical formulas defining the charge and discharge processes are defined in (5) 
where D l represents the diffusion coefficient at each concentration c l . The speed of the transport process is further constrained by the molar flux N l Pb generated inside the electrolyte
a quantity that is also impacted by D l and c l . A third component impacting the voltage response is a considerable double-layer capacitance i v,dl
a function of the changing electrode and electrolyte potentials, the double-layer capacitance C dl (F/m), and the active surface area a v , which is directly proportional to the cell capacity. The active surface area for the lead acid battery cell a v Pb is
where the difference in the porosity of the lead and lead dioxide electrodes ε from full charge ε max to full discharge ε 0 limit the maximum surface area a v,max , thereby reducing the total active induced current in (9 (10) where the lead acid exchange current density i 0 is a constant. The physics-based versus experimental lead acid cell model voltage is shown in Fig. 1(a) , where a normalized C/10 discharge pulse is applied at 0.005 Hz under a 25% duty cycle to a fully charged cell. The single-cell lead acid battery used in verification has a 6-Ah capacity. Close inspection reveals a long voltage recovery time τ Pb as well as a 98-mV voltage drop from equilibrium (open circuit). Since this behavior will differ when the battery is not at full charge, to obtain equivalent circuit parameters, the pulse must be applied at 100% SoC. However, a lack of full charge will not heavily impact τ Pb , thus battery identification can be accomplished by widening the tolerance. The model follows a close approximation to that of the experimental test, except at the pulse transition period. This is likely a limitation in the 2-D model and/or the differences in manufacturing the electrolyte reservoir of the test battery. A correlation between a v Pb , rated capacity E rated and i loc Pb reveals the voltage under a C/10 discharge pulse, which results in a similar behavior regardless of the cell capacity.
B. Lithium Ion Cell
The lithium ion cell operates very differently as it primarily stores the charge in the electrodes utilizing a lithium salt electrolyte as a transport layer [23] . The chemical formula defining the operation of the common lithium cobalt oxide (LCO) cell is
where the charging process is shown from left to right and the discharging from right to left. Its transport properties are revealed in the lithium ion molar flux equation [23] 
where the reaction speed is limited by the transport number t + as current i l is carried across the electrolyte. The lithium ion cell reaction source term R l Li is still a function of the varying electrolyte concentration, but is now impacted by changes in N l Li as well
One can observe that N l Li and R l Li contain no superficial speed terms u as were present in a lead acid cell. In addition, the double-layer capacitance from (8) is very low compared with the lead acid C dl Pb C dl Li , thus it has been neglected. Other major differences are present in the operation of a lithium ion cell, resulting in a shallower voltage drop. The active surface area in (2) has no immediate constraints a v Li ∼ = a v max reducing η Li . Furthermore, the Butler-Volmer expression is left unmodified removing its dependence on the electrolyte concentration. The exchange current density i 0 Li varies based on the kinetics
where k a and k c represent charge rate constants and c s and c s,max represent the current and maximum concentration of the electrodes, respectively. Equation (14) demonstrates how the primary current generated at the load is a result of the concentration of lithium salt in the electrodes. The conductivity, however, can be impacted later in its life as a solidelectrolyte interphase (SEI) layer forms with respect to the cycle life and operation. However, this has minor impacts on the timing constant primarily used in lithium ion detection. The physics-based versus experimental lithium ion cell model voltage is shown in Fig. 1(b) , where the same normalized C/10 discharge pulse is applied to a fully charged cell. The single lithium ion cell under test is nearly equivalent in capacity to the lead acid cell at 6.4 Ah. A much shorter voltage recovery time τ Li and voltage drop is present (68 mV) from equilibrium than that of the lead acid cell. Fig. 1 (b) reveals a closer approximation to that of the experimental test as a result of minimal dependence on the nonlinear doublelayer capacitance. Since the same general set of equations are solved for, the lithium ion cell has the same dependence over a v Li , E rated , and i loc Li revealing that the voltage behavior under a standardized discharge pulse behaves in a similar manner, regardless of the cell capacity. 
C. Physics-Based Battery Differentiation
A comparison between both the lead acid and lithium ion physics-based models under the C/10 discharge pulse is shown in Fig. 2 . One can observe a striking difference in the voltage recovery periods of the lead acid τ Pb versus lithium ion τ Li cells as well as a 30% reduction in the overpotential η. Although there are a number of advantages to obtaining the full physics-based model, particularly in the design and offline estimation domain, it is challenging and computationally intensive to utilize in an online controller. One of the major novelties in this paper is in identifying that a full physics-based controller is unnecessary to identify the battery chemistry and a first-order Randles equivalent circuit, but can be used as an intermediary to link between the physics and electrical domains. Differences in the electrochemical source terms R l and the double-layer capacitances i v,dl are connected to the recovery voltage, generating a time constant τ as a means for chemistry detection. In the same way, a scaling of the Butler-Volmer expression i loc in conjunction with a different active surface area a v while in operation provides the two driving factors to link a standardized C-rate pulse to a predictable response. Ideally, if each battery type were tested at 100% SoH with a matching SoC, a single standard response would be expected from each chemistry. Using this as a reference, differences in the response from an ideal (expected) state would reveal the signature values for an electrochemical equivalent circuit, while providing a secondary measure to assess and track the SoH. Through establishing a firm relationship to predict the behavior using this physicsbased representation, the development of a real-time BMS can be accomplished on a relatively simple foundation. This process is discussed in detail later in Section IV.
III. BATTERY MANAGEMENT SYSTEMS
All batteries require a specialized BMS to provide a robust monitoring and protection platform. This information, however, only provides accuracy when a method has been implemented to provide insight into its lifetime, performance, and voltage stability to properly control and maintain SoH. This is particularly the case in an EV, shipboard, or aeronautical power system application where high C-rates and deep DoD would be frequently observed [24] . The following sections discuss how the unique BMS and cycling platform discussed in this paper will increase the accuracy in terms of SoC measurement, assessing battery types, and SoH.
A. State of Charge
The open circuit voltage (OCV) is an excellent source to obtain the initial SoC assuming it is taken under a state of equilibrium. Following this, an enhanced coulomb counting mechanism can be deployed. The combination of both OCV and coulomb counting has been standardized in the industry, but both can suffer from a number of inaccuracies, which have led to a variety of improvements in the initial and online SoC estimation. One way is through utilization of an extended Kalman filter (EKF), but its success strongly depends on the accuracy of the battery model and an accurate predetermined system noise matrix [25] . For the applications addressed in this paper, the noise content is expected to be substantial. In [26] , an adaptive EKF was introduced to improve this issue, but cannot be applied to an aged cell. Since the proposed system has been designed to have a wide SoH and noise tolerance, the EKF-based controllers have been avoided, but two core factors have been involved in the preliminary design of these controllers: 1) a temperature-based initial OCV-based SoC estimation and 2) an SoH-adjusted coulomb counting scheme.
1) Initial Voltage-Based Measurements: OCV estimations are highly dependent on the chemistry and the ambient temperature and recent works have explored new methods to improve these estimations [27] , [28] . In [27] , extensive testing was conducted to assess the performance over a wide temperature range presenting the concept of a multistate OCV-based SoC estimation dependent on whether the battery was previously in the charging or discharging phase. Reference [28] presented a revised method acknowledging that the resting time can have an impact on the OCV-based SoC for lithium ion phosphide (LiFePO4) batteries. Although both systems revealed an improvement, they required some previous knowledge of the battery state or how it was used. Furthermore, both had a heavy computational requirement. In this paper, a focus has been placed on optimizing the tradeoff between accuracy and simplicity to make a package suitable for a microcontroller unit (MCU)-based system assumed to have no previous knowledge of the battery connected. Since the temperature dependence is significant and does not require previous data, the OCV-based initial SoC equations for both lead acid and lithium ion cells account for the temperature. a) Lead acid: The lead acid battery cell open-circuit voltage V oc Pb measurements are based on the Nernst equation, a fundamental relationship between the electromotive force of the cell, its electrochemical reactions, and thermodynamics [29] . As opposed to a curve fitting process resulting in coefficients with no physical meaning, the Nernst equation provides a bridge to the electrochemical realm. The opencircuit voltage of a single lead acid cell V oc Pb is
where ξ 0 is the electrode potential of a lead acid cell (1.931 V) and c l represents the molar concentration of the electrolyte.
Since the SoC of a lead acid cell is directly proportional to c l , (15) is rearranged to solve for SoC taking into consideration V oc Pb V oc Li both a fluctuating V oc Pb and T
where a is a linear scaling factor between c l and SoC is equal to 5, since the concentration range is 0 < c l ≤ 20 mol/L. A surface plot of (16) is shown in Fig. 3(a [30] . A 3-D curve fitting procedure was then applied using a thin-plate spline function to interpolate the values along the surface shown in Fig. 3(b) . Original data points extracted from each of the five curves are superimposed in black. Through the use of a lookup table, the computational requirement is dramatically reduced from the methods proposed in [27] and [28] .
2) Coulomb Counting: Following an estimation of the SoC at the open-circuit voltage, the charging and discharging energy in the system is monitored through coulomb counting. Using a timing reference, the current is integrated over a fixed sampling period to determine the capacity, which was removed or replaced but this method alone is insufficient. Enhanced coulomb counting methods have been addressed previously in [26] - [28] , which have highlighted the need to include the shift in SoH over time. Thus, the usable capacity E usable (Ah) has been used as the reference in the online algorithm [31] 
where SoC x (t 0 ) represents the initial SoC voltage-based assessment for each battery type x (Pb or Li) integrated over a 1-s dτ where I batt is the battery current and η is the cycle efficiency.
B. Peukert's Component
As the discharge current increases from the rated value of the battery, the available energy will decrease as a result of an increased overpotential [32] . Similarly, as the discharge current decreases, the voltage drop is reduced, providing an increase in the available energy. To account for this phenomenon, Peukert's component has been implemented to correct the BMS for an altered expectation in the usable energy. Peukert's law provides a capacity adjustment E usable P based on
where H is the rated discharge time in hours, I is the actual discharge current, and k is the Peukert constant. For this system, k is assumed to be a constant value of 1.0909 but depending on the application, this value should be set by the battery manufacturer.
C. State of Health
While SoC is the most common active assessment for a battery, insight into the performance and condition is crucial to maintain efficient operation. Degradation and aging of a battery is a complex process that involves many parameters, most of which impact the capacity. For this system, SoH is defined by the usable capacity E usable under the most recent full discharge cycle versus the rated capacity designated by the operator E rated
E rated can be set to the full nameplate (peak) or nominal capacity. The nominal rating presents a reduced operating capacity in order to preserve the life of the battery for applications with a high DoD such as those addressed in this paper. A few minor adjustments would need to be made to the BMS to define the intended operating range for the EV manufacturer. First, a simple offset would be applied to the initial voltagebased curve SoC Li (V oc Li , T ) from Section II-B and second, a shallower discharge voltage cutoff and a higher charging current cutoff would need to be observed. 
D. Randles Equivalent Circuit Model
Online SoH assessment can be implicitly deduced through other modeling techniques as well. In the recent decades, EIS has proved to be a highly effective technique to diagnose the behavior and age of a battery. The EIS process is direct and noninvasive, where the electrical impedance of the electrodes is measured under a wide range of different AC stimulation frequencies to fit Randles equivalent circuit parameters. Shown in Fig. 4 , R t represents the average ohmic resistance of the electrolyte. The parameters R p and C p represent the polarization resistance and capacitance, respectively, which describe its impulse response. However, the process is computationally intensive and has yet to be accomplished under a high level of accuracy or a low cost. An alternative method is proposed for parameter estimation through the use of a low-frequency C/10 discharge pulse test. This method is discussed in the following section and can estimate R p and C p . However, without a highly accurate sensing and precision load resistance, the ohmic resistance R t is challenging to obtain. Alternatively, a sum of the C/10 load and ohmic resistance R t + R C/10 can be monitored cycle-to-cycle by noting a reference value in cycle 1. Using the Randles equivalent circuit parameters, the operator can monitor the specific aging processes of each battery module.
E. Energy Model
The complete battery model is divided into two parts: the equivalent circuit parameter estimation and a lifetime energy model. The common energy model depicted in [12] models the battery as a large capacitor C b in parallel with a selfdischarge resistor. However, for this system, the battery is assumed under operation anytime it is connected and due to the high self-discharge resistances, it has been omitted. The capacitance is referred to the open-circuit voltage of each battery at full charge V oc FC , thus the equivalent charge storage capacitance C b is
IV. BATTERY AND HEALTH IDENTIFICATION For the proposed system, two new procedures are tested. Through applying a low-frequency C/10 load, an initial identification of the lead acid or lithium ion battery is accomplished as well as its Randles equivalent circuit parameters to gain insight into aging. This section describes how these procedures can be implemented on a real-time BMS. The real-time BMS has been demonstrated using a battery testbed connected to a LabVIEW data acquisition (DAQ) system.
A. Battery Identification
The timing constant τ is generated through exponential curve fitting from the battery under test, which is extracted and used as the primary metric to determine the battery type. Online curve fitting through the least squares method (LSM) has been utilized in a number of BMS applications for a wide range of purposes, primarily accurate capacity estimation [33] , [34] . Reference [34] demonstrated how LSM could be implemented with the coulomb counting method with a goal to reduce the accumulated error in measurements resulting in an incorrect capacity estimation. Feng et al. [35] used LSM to extract equivalent circuit parameters online without the assistance of a loading or charging disturbance (overpotential), but it resulted in a relatively high error and required over 15 min (>1000 s) to converge, whereas the proposed system takes 7 min under two passes of 3.5 min each. In this paper, the traditional LSM method is sufficient as a result of instigating a considerable voltage drop with a C/10 discharge pulse and one that can produce a measurement immediately following the voltage recovery period. The basic formula for the LSM is
where N is the length of voltage V i samples, w i is the i th weighting element, f i is the i th element of best exponential fit, and V i is the i th element of the voltage input vector. The resulting exponential fit of the recovery period following the 0.005 Hz pulse under a 25% duty cycle can be reduced to a basic form:
Following the calculation of the a, b, and c values in (22) , the voltage response follows:
Relating the curve fitted form of (22) and (23), the generated time constant τ is extracted from b and forced positive |τ | = | − b −1 |. Table I depicts a wide range of different lead acid and lithium ion batteries of different capacities, voltages, and known ages where each were tested thrice. The lithium ion batteries were revealed to traditionally yield time constants below 1 s, whereas the lead acid batteries were above 20 s, thus τ = 20 s was chosen as the threshold value. Under closer inspection, τ can also provide an approximation into the condition of the battery. Generally, τ will begin to increase as the condition, or SoH, decreases. After the open-circuit voltage has reached its equilibrium state, the series-cell configuration of the battery can be determined. All batteries have nominal voltages dependent on the chemistry. As a result, individual battery cell voltages and ranges can be classified within a normal range of operation when the source has a high SoH. Table II depicts the different TABLE I   TESTED BATTERIES TO ACQUIRE TIMING CONSTANTS   TABLE II BATTERY CELL CONFIGURATION RANGES nominal voltages and operation ranges associated with each type of battery, where V dc , V nom , and V c represent the discharge cutoff, nominal, and charging voltages of the battery, respectively. The actual detection ranges were extended to account for batteries that have a reduced SoH or suffered from overcharge/over-discharge, where V min and V max are the minimum and maximum detection ranges under each configuration. Following successful detection, V dc , V nom , and V c are established in optimal operating zones to preserve the battery SoH. The total battery identification process takes 3 min to complete where the best results are found at a high SoC, though this test is designed to cover the entire operating range.
B. Obtaining Randles Circuit Parameters
The voltage drop and recovery response after the pulse test can provide parameter estimation as well. C/10 pulse frequencies from 0.001 to 500 Hz were tested but revealed that as the period of the pulse fell below the timing constant of most batteries, the disturbance is virtually absorbed at the battery terminals. This refocused attention to pulses of ≤0.1 Hz. To maximize the recovery voltage period while limiting the total time of the test, the same 0.005 Hz pulse at a 25% duty cycle was chosen and initiated twice for verification, limiting the total test time to just under 7 min. The parameters must be applied with an equivalent SoC, thus this pulse test is applied when the battery is at full charge.
Multiple low-frequency pulsed loads are then applied while the system notes the initial voltage, initial voltage drop, and recovery. To solve for individual RC components, (23) is used where V [n] is replaced using the initial voltage drop
V between the open circuit V oc and the loading V C/10 voltage under a C/10 current. Following the exponential fit using (21)- (23), the result is equated to V and C p is quickly solved from τ . The Randles equivalent circuit estimation is then accomplished by
(24)
C. Practical Implementation
All the features have been verified using a battery testing bed developed at the Energy Systems Research Laboratory at FIU to test the new control, management, and analysis techniques as well as evaluate the cycling performance. This testbed is monitored and controlled by the NI LabVIEW DAQ platform featuring 12-b ±10 V ADCs and a sampling frequency of 20 kHz to measure the voltage and current featuring a mechanically controlled resistive load and a dc power supply. To handle C/10 currents under a wide range of capacity ratings, a LEM LA-25 current transducer has been utilized [36] . Although this test and the evaluation platform are not portable, attention was focused to make the final BMS suitable for implementation on an embedded controller. First, the sampling rate has been tested accurately down to 200 Hz while still maintaining high accuracy. Furthermore, an enormous data cache of 50-60 MB per curve fit is reduced to under 1 MB per curve fit of the required onboard memory. Second, the controllable electronic load could be replaced with a small network of power resistors. Since the loading period under the C/10 pulse is only 50 s, the voltage reduction over this period is relatively small and with a minor tradeoff in accuracy, it may be neglected. Finally, the LEM LA-25 could be replaced with a precision shunt resistance to significantly reduce the cost of the system while also reducing the size.
V. BATTERY MANAGEMENT SYSTEM IMPLEMENTATION
In this section, the battery testbed outlined in the previous section has been extended to test and evaluate the concepts discussed in this paper. The following sections identify the program operation.
A. Battery Initial Setup
The following provides the procedure by which a battery is set up for use on the BMS. 
B. Battery Test
The goal of the battery test procedure is to demonstrate a basic range of functionality in which a single battery or module would be exposed during a full cycle of operation, as shown in the flowchart in Fig. 5 . Although a constant load and charging profile has been utilized on this platform, this is primarily to demonstrate how the proposed features could be implemented on a comprehensive online BMS associated with a single battery or module. However, it is important to mention that this system could also be suitable as a modular maintenance tool, where conservative constant charging and discharging currents would be necessary to evaluate the SoH performance while minimizing the thermodynamic stress.
1) Charging: Using the initial SoC value SoC x (t 0 ), the remaining amount of energy stored is estimated in amphours. Using (17) , the system will sum the charging energy until 1 of 2 stop conditions occur: 1) the battery has reached its full charge current or 2) the energy charged has exceeded the total energy of the battery by 25%. The +25% allowance accounts for a reduced round-trip efficiency and potential thermodynamic losses. Once charging is completed, a 5-min rest is observed before the pulse test. 2) Perform Pulse Test: Two 0.005 Hz pulses at the C/10 discharge current are applied under a 25% duty cycle. Following each pulse, an exponential fit is applied as per (21) and (22) and the R p and C p parameters are then estimated based on (23)- (25) . Following the second pulse, these values are averaged to ensure the accuracy and passed to the circuit parameter display front-end, as shown in Fig. 6(b) .
3) Topping Charge: To maintain the highest accuracy in assessing SoH, the energy expended during the pulse tests is replaced with a quick topping charge phase. The stop condition in this phase is further protected by the charging current cutoff. Once this is completed, an extended 1-h rest period is observed to prepare the battery for a full discharge. Although it is unlikely that an online BMS would be able to observe a full 1-h rest, this would be ideal in a maintenance application.
4) Discharge:
The discharge phase applies the Peukert component to correct for the expected usable capacity under a full discharge. For convenience, once again the C/10 discharge current is used. The new usable Peukert capacity is used as the SoC reference as well when applying Coulomb counting. In the event that a full discharge event occurs, the final calculation of the SoH in (19) is modified to compare the total energy output with the revised Peukert-adjusted capacity.
5) Calculate Circuit Parameters and Usable Capacity: Following a full discharge, the usable energy is obtained and the equivalent charge storage capacitor C b is calculated. The equivalent circuit model for a healthy lithium ion battery is shown in Fig. 6(b) with C b filled as well as its parameterization estimation for R t , C p , and R p .
C. Full Circuit Model
The equivalent circuit model is shown at the end of every cycle and can be accessed anytime thereafter. Cycle 1 would specify NaN for the R t value but produce the new charge storage capacitance and RC parameters. Thus, for a maintenance application, a minimum of two cycles are required to extract all the equivalent circuit parameters.
VI. EXPERIMENTAL TESTING
To demonstrate the detailed capabilities of the BMS and testing platform, a combination of healthy and damaged lead acid and lithium ion batteries were placed on the testbed. All the four batteries tested have the matching rated capacities of 21 Ah.
A. Lithium Ion Battery Testing
Two 3.7 V single-cell 21-Ah lithium ion batteries were placed on the system: one in good health and the other defective. The following sections discuss the test results in detail.
1) 3.7 V Lithium Ion Battery in Good Condition:
The initial test shows the battery identification for a single-cell lithium ion battery. Fig. 6(a) shows the timing constant τ was found to be 0.437 s, revealing the battery was lithium ion. From Table II , the open-circuit voltage fell within the range for a single cell. Fig. 6 (b) reveals that after two cycles the systemdetected R t had a shift of 69 m . 17.199 Ah had been discharged in cycle 2, equating to a 209,888.9 F capacitor. The impulse response resistance R p and capacitance C p was 51 m and 14.687 F, respectively. R p is well within the range of expectation for a lithium ion battery, whereas the capacitance is slightly higher than some cells, but still much lower than that of lead acid, revealing a young lithium ion cell [13] .
2) 3.7 V Lithium Ion Battery in Bad Condition: Fig. 6 (c) shows the same single-cell 21-Ah lithium ion battery type, but heavily damaged delivering only around 1 Ah in its discharge cycle, equating to a 13 226.8 F capacitor size. The battery was only capable of operating for one cycle, thus R t could not be determined. The impulse response resistance R p and capacitance C p were very high revealing a damaged cell at 837 m and 65.155 F, respectively.
B. Lead Acid Battery Testing
Two 12 V 6-cell 21-Ah lead acid batteries were placed on the testbed, one in good health and the other defective. The following sections discuss these test results in detail. Fig. 7 (b) shows the output from the BMS after four cycles where the total discharge energy equaled 18.935 Ah, which is similar to a 910 570.5 F capacitor. The shift in the ohmic resistance R t since the first cycle increased by 39 m . The impulse response or polarization resistance R p and capacitance C p were 205 m and 286.369 F, respectively, revealing a lead acid battery in good health.
1) 12 V Lead Acid Battery in Good Condition:
2) 12 V Lead Acid Battery in Bad Condition: In this scenario, the same type of 6-cell lead acid battery generated a time constant τ > 20 s, thus a lead acid battery was identified. However, as shown in Fig. 7(a) , the voltage did not fall within the expected range for a 6-cell configuration, thus the system-requested user input provides a warning that the battery may be defective. Since the battery was damaged, once again only one cycle was completed, thus R t could not be determined. Fig. 7(c) shows that the battery only discharged a mere 0.196 Ah, the equivalent columbic storage of 6398.5 F. The impulse response or polarization resistance R p and capacitance C p was 621 m and 35.628 F, respectively.
VII. CONCLUSION
This paper presented a number of new techniques suitable for implementation on a flexible hybrid battery energy management system. Two new battery detection concepts were developed and verified through physics-based modeling to highlight how a standardized C/10 discharge pulse could be utilized for multiple purposes. The proposed system demonstrated a comprehensive battery management platform with an autonomous differentiation of lead acid and lithium ion battery chemistries, the series-cell configuration, and estimation of the Randles equivalent circuit model. Prior to the operation, the initial SoC estimation procedure was enhanced through a voltage and temperature-based algorithm for both battery types. These features were tested and evaluated on a final control platform on a wide range of lithium ion and lead acid battery cell configurations, capacities, and conditions. This platform has been designed with the computational and memory overhead in mind to be suitable for a future embedded controller that could assist in monitoring the historical trends of the usable capacity and performance while providing a useful model for offline analysis or maintenance. Additionally, he has interest in computational techniques and design optimization in electric drive systems and other low frequency environments. He performed multiple research projects for several Federal agencies since 1990's dealing with; power system analysis, physics based modeling, EMI and EM signatures, sensorless control, high frequency switching. He also performed funded research in ship power systems as well as energy cyber physical systems and transportation electrification. Professor Mohammed has currently active research programs in a number of these areas funded by DoD, the US Department of Energy and several industries. Professor Mohammed leads the currently funded DoE CEEDS center for secure energy system infrastructure at FIU.
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